. All the while, area under cultivation has only slightly increased with 7.67 million ha in 2000 and 7.83 million ha in 2015, suggesting notable agricultural intensification. Intensification is critical especially in areas of the Red River Delta such as the Hanoi Capital Region, where population pressure and a robust economy are driving periurban expansion into agricultural areas [2] . Thus, reducing the amount of area under cultivation in some areas.
Accordingly, it is of increasing importance to develop efficient methods for mapping paddy rice in Vietnam. The two dominant rice-producing hubs in Vietnam are within the Red River Delta and the Mekong River Delta, together accounting for the majority of national rice production. Optical imagery such as from MODIS or Landsat are frequently cloud contaminated during key agricultural stages (i.e., planting and harvest); thus, hampering mapping efforts [3] . C-band Sentinel-1 imagery is capable of penetrating through cloud cover making it the obvious choice for timely mapping of paddy rice.
Efforts to map paddy rice using SAR originated in the 1990s with selected images from ERS-1 C-band imagery with approximately 12.5-30 m spatial resolution and a repeat pass of 35 days [4] [5] [6] [7] [8] [9] , and also using C-band RADARSAT at spatial resolution of 10-100 m and a repeat pass of 24 days [10] [11] [12] . These pioneering studies were often stymied by lack of quality ground-truth imagery, single polarization, or were limited to small spatial scale studies due to high data volumes. Subsequent studies began focusing on utilizing multitemporal SAR over larger land areas for improved rice mapping and testing various algorithms with ERS-1, ERS-2, and RADARSAT [13] [14] [15] [16] [17] . Improvements in sensors and availability of ground-truth data led to further more extensive rice mapping studies using L-band SAR such as ALOS/PALSAR or JERS-1 [18] , [19] , EN-VISAT ASAR [20] [21] [22] [23] , TerraSAR-X and COSMO-SkyMed [24] [25] [26] [27] . Recent studies include RADARSAT-2 data, objectoriented crop mapping [28] , [29] , combined optical and SAR data [30] [31] [32] , and Sentinel-1 C-band SAR [33] [34] [35] . More details are available in a recent review [36] .
While a variety of strong classification methods exist, a number of recent studies have employed random forests for SAR applications, including wetlands mapping [37] [38] [39] , general agriculture/land cover [40] , and in paddy rice mapping with Local incidence angle, θ, variation in SAR imagery per mapped land cover class for VV&VH 10 m dataset: Minimal variation through time in all categories. "Not rice" areas have higher standard deviation due to mountainous areas.
promising results [41] [42] [43] . Recent remote sensing studies have also included use of texture-based classification such as Gray Level Co-occurrence Matrix (GLCM) with promising results [22] , [44] , [45] . In addition to mapping paddy rice areal extent, other studies have employed SAR for agricultural phenology estimation with multitemporal imagery [46] , [47] , including studies with rice paddy fields and polarization variation, [48] [49] [50] [51] [52] [53] [54] [55] . While some of these studies applied time-series filters to derive accurate phenology metrics, these are not always requisite due to the unique dynamic range of paddy rice signal from SAR [41] . The SAR signal seen in a time-series can accurately capture different stages of crop growth useful for monitoring biophysical variables as well as length of season, planting, and harvest dates. While local farmers and stakeholders have knowledge of the crop phenology, SAR-based information is useful for broader national or regional operational monitoring of crops (i.e., crop conditions, status, or health) which is a major goal of international initiatives such as Asia-Rice Crop Estimation and monitoring (Asia-RiCE) project or the Global Agricultural Monitoring (GEOGLAM) initiative [56] , [57] . The SAR observations can survey the entire region, whereas optical data can often be obstructed by cloud. Thus, SAR data can be useful for crop mapping and monitoring at regular intervals.
II. STUDY AREA AND DATASETS

A. Study Area
The mosaic landscape of the Hanoi Capital Region includes a variety of land cover types dominated by rice agriculture, as well as other small-holder croplands, urban areas, small plantations, and aquaculture. The typical rice field size in the area is about 800 m 2 with fields routinely planted in large collectives as necessary to facilitate irrigation. The field size is suitable for moderate-to-fine resolution mapping [58] . The Hanoi Capital Region is situated within the Red River Delta, Vietnam's oldest rice producing region, accounting for about 15% of the country's total rice production [1] . Of all the different crops, rice is most prevalent and it is the dominant crop type in the region. It has two distinct seasons: Winter-Spring, and SpringSummer. Rice has three distinct stages: sowing/transplanting, growth, and harvest/post-harvest, all of which can be identified using satellite data [8] . In the study area, rice is sown or transplanted after the Tet holiday in February or early March. Subsequently, a significant green-up is observed as the rice matures in its vegetative stage, especially after heading in April [59] , [60] . During late May to June the rice is harvested, and rapidly prepared for the next season starting in late June or July. After the harvest in each season (June and October) the rice residues including straw and stubble, are regularly burned accounting for as much as 13% of PM 2.5 emissions for Vietnam; thus, burning may constitute a significant air quality issue [58] , [61] .
The rice fields are supported by a vast network of irrigation and drainage canals and small access roads seen throughout the region. While most fields practice double cropping, some fields cultivate a single crop of rice. After the harvest, single rice fields remain flooded to support the growing aquaculture industry [62] , [63] . The study area has seen rapid expansion of aquaculture with 16.50000 ha in year 2000, and 46 000 ha in year 2014, with the vast majority of growth occurring in Hanoi province [1] . Table I ). No Sentinel-1B imagery was available over the study area. Level-1 ground-range detected, descending mode, IW imagery acquired from the Alaska Satellite Facility (a direct mirror of ESA's Sci-hub) were processed using the free and open source Sentinel-1 toolbox. The ground-range detected images were processed following guidelines including applying restituted orbit files, multilook azimuthal compressions to 20 m, terrain correction using SRTM 30 m version 4 DEM, radiometric calibration adjustments to correct for viewing geometry effects, and refined lee speckle filter to reduce constructive and destructive interference, all resulting in sigma-nought backscatter data logarithmically scaled in decibel [64] . Given the relatively small study region with generally flat terrain, incident angle artifacts and layover/shadow effects were relatively minimal. We display incident angle and SAR backscatter ranges across the study area in Table I . We also highlight average SAR signal and the temporal dynamic across the different land cover types found in the study area (see Fig. 1 ).
2) Training and Validation Data: We conducted fieldwork throughout the study area during May/June and September/October of 2016 as part of a related project on rice residue burning. The data included surveys on crop calendar, crop rotation, field conditions, and biomass data. Over 900 geolocated photos were taken of paddy fields and nonrice areas such as aquaculture, wetlands, and other land cover types found within the region. These field photos were used for training or validation along with fine-resolution imagery from Google Earth and the original Sentinel-1 imagery. No training data were included in the validation. We show a multitemporal composite of the SAR data with the training polygons overlaid (see Fig. 2 ). Vertical-horizontal (VH) polarized bands at 10-m spatial resolution VVVH10m
Both VV and VH bands at 10-m resolution VV20m
VV bands at 20-m spatial resolution VH20m VH bands at 20-m spatial resolution VVVH20m
Both VV and VH bands at 20-m spatial resolution
III. METHODOLOGY
We classified the six different datasets (see Table II ) using the random forest algorithm to obtain rice areal estimates and as a basis to compare the datasets. These resulting datasets were the basis for comparison of the different polarizations and spatial resolutions for mapping small-holder paddy rice. Accordingly, we selected nominal 10-m resolution as it is the native resolution of Sentinel-1 and 20-m resolution data for comparison. We addressed the following questions in our study: 1) Which dataset yields the highest overall and class specific accuracies and mapped areas, and are there notable differences between them? 2) What is the typical rice phenology including start/end of season and length of growing season? 3) How do the resulting mapped rice area estimates vary at the province and commune level? 4) Based on landscape analysis, what are the spatial characteristics of paddy fields and approximately how many are in the study area?
A. Double and Single Crop Rice Mapping
We employed an ensemble, machine-learning random forest algorithm for mapping single and double crop paddy rice, as well as for evaluating the relative importance of specific input data for mapping [65] . The machine-learning random forest algorithm implemented in Scikit-learn python package uses bootstrap aggregated sampling to build individual decision trees for classification. Each decision tree was built with a bootstrap sample from the training data, with the unsampled data used for out-of-bag sampling. Within the structure of a tree, a random sample of the square root of the number of predictors was chosen for each split as best candidates derived from the entire predictor set. Random forest is robust against outliers and overfitting, nonparametric, has high classification accuracy, and can yield a measure of variable importance.
We implemented the random forest algorithm using all 22 (VV or VH) or 44 input bands (VV & VH) (see Table I ) for each of the six datasets separately. We populated the random forest with 1000 trees, where out-of-bag errors reach asymptotic values [65] . The same classification technique was applied to each dataset. Out of bag samples, which are randomly withheld from classification training were used as an indicator of feature importance. From the 1000 trees populated in our random forest, the mean decrease in classification accuracy for the input bands was reported. This was useful as a measure of feature importance in mapping paddy rice and each input band can be linked to a general crop growth stage (i.e., sowing, vegetative growth, and harvest). Training polygons were digitized over the single rice, double rice, and nonrice areas within each province using field photos, Sentinel-1 data, survey information, and fine-resolution Google Earth imagery.
B. Accuracy Assessment
We performed an accuracy assessment on the resulting rice maps. Random points across the study area were generated using a stratified random sampling scheme [66] . Based on the proportion of each resulting mapped class, a stratified random sample of 402 total polygons for double crop rice (125), single crop rice (41) , and nonrice (236) classes were generated for the 10 m data. For the 20 m data, the same polygons were used for comparison consistency; however, there are fewer total pixels due to reduced spatial resolution. We specified a 600 m minimum distance between polygons to prevent field overlap.
Following good practices in accuracy assessment, we adjusted the classification accuracies as well as the mapped rice area estimates based on the weighting from the proportion of land area for each class [67] . This weighting results in unbiased areal estimates. Based on the same, we derived uncertainty estimates for the accuracy-adjusted areas using a 95% confidence interval for each of our resulting mapped classes. The accuracy-adjusted area provides a more robust assessment of the area mapped for each class. We also computed the confidence intervals for adjusted class and overall accuracies to be used for comparison among the different maps. 
C. Spatial Analysis
We compared the paddy rice maps through a number of metrics including average absolute deviation (AAD) (1) and coefficient of variation (CV) (2) to explore absolute and relative variation in mapped area for each of the six different datasets as follows:
where x is the rice area in hectares for one of the six rice maps, x is the mean rice area of all six datasets, and N is the number of datasets for (1), while for (2) σ is the standard deviation of all rice area for all six datasets, andx is the mean rice area for all datasets. The final value is a percentage. We compared the AAD and CV at the commune-level (thirdlevel administrative subdivision) and study-area level to assess overall and spatial variability. In addition, we computed pixel-level thematic change for each dataset. We also employed Fragstats (Version 4.2) for landscape-scale analysis on the most accurate resulting dataset including number of patches (collections of connected/adjacent paddy rice pixels) and patch metrics useful for evaluating the size of large connected aggregations/collections of paddy rice fields. Further, we employed mean-shift image segmentation on the double-rice pixels of the time-series imagery stack to estimate rice collective size (groups of fields with similar crop phenology) and number of fields in the study area by including typical paddy field size of 790 m 2 [58] . We show the general flowchart in Fig. 3 . Meanshift image segmentation is a nonparametric iterative algorithm fitting a neighborhood window around each pixel, calculating the data mean in the window, and shifting the neighborhood window to the mean [68] , [69] . The algorithm is useful for clustering pixels with similar signal and has been used in a variety of land cover remote sensing applications [70] , [71] .
D. Rice Phenology
While some of the prior studies utilized spatiotemporal filtering to derive crop phenology metrics, we derived the metrics based on the unique rice dynamic range combined with general phenology time frames. Sentinel-1 VH-polarized backscatter imagery were used to estimate sowing /transplanting and harvest dates for both seasons of rice. Based on the unique phenology of paddy rice measured by SAR and selecting a general timeframe based on a priori knowledge, we found local planting date coincides with the local minimum value (indicative of flooding, constrained to February or March), and harvest date when the local maximum backscatter value is reached (indicative of peak maturity of rice just prior to harvest, constrained to May or June) as noted in previous studies [8] , [41] , [48] , [72] . The estimated range is based on the overpass dates of the Sentinel-1 satellite. The approximate length of growing season is derived by differencing the median date within the planting range and the harvest date range.
IV. RESULTS
A. Mapped Area Variation
The six paddy rice maps generated from the random forest classifier and their spatial patterns are shown in Fig. 4 . The pixel classification count for double rice shown in Fig. 4 zoomed to a hotspot of variation area in Bac Ninh, highlights that along edges and smaller fields some of the rice maps are not in agreement. Overall, 66% of the pixels were in agreement (where pixel count = 6). On another note, when the absolute mapped rice areas are compared, we notice more variation. For example, the total mapped double-rice area for each is: 208 276 ha (VV-10m), 212 465 ha (VH-10m), 214 565 ha (VV&VH-10m), 214 903 ha (VV-20m), 218 788 ha (VH-20m) and 220 356 ha (VV&VH-20m). This general pattern suggests 10 m imagery, systematically reports lower mapped area than 20 m imagery, and VV reports less mapped area than VH with VV&VH combination accounting for the most area. This is attributed to VV signal attenuated by the vertical structure of rice. The same pattern is not clear for single rice. Whereas 10 m datasets exhibited less area than 20 m datasets, and reported areas varied between polarizations. In comparison to the official government rice areal statistics for 2016 of 232 700 ha paddy rice, our estimates reported about 12 000-24 000 ha less [1] . In comparison to same statistics for the entire Red River Delta (546 950 ha), our study area has about 40% of the total rice area. The mapped areas for single rice can be seen in Table III .
B. Accuracy Assessment and Areal Adjustment
We evaluated the accuracy of each dataset and present the confusion matrices with the total number of pixels for each class, as well as user, producer, and overall accuracies adjusted using the unbiased areal estimates. We also provide 95% confidence intervals for each statistic for purposes of comparison. The dataset overall accuracies in descending order are VV&VH-10m (93.5%), VH-10m (93.1%), VV&VH-20m (92.5%), VH-20m (91.4%), followed by VV-20m (91.0%), and VV-10m (90.9%). We note the confidence interval ranges between VV&VH-20m and VV&VH-10m, and the same for the others, suggests they may not be significantly different overall. However, when comparing class specific user and producer accuracies for double crop rice and single crop rice the differences are clear. The biggest difference is for single crop rice where the 10 m datasets have higher user and producer accuracies (except VV). For double crop rice, the user and producer accuracies are higher in the 10 m than the 20 m datasets. Across all datasets, user accuracies for single and double crop rice are higher than producer accuracies suggesting a net-positive of rice omission errors. Further details on the confusion matrices are shown in Table III .
We adjusted the total mapped areas based on the accuracy assessment and resulting unbiased areal estimates for each dataset and compared the trends as shown in Fig. 5 . Overall, we found that accuracy-adjusted areas for single and double rice were higher than the mapped areas. This is due to the rice omission errors found during the accuracy assessment. The accuracyadjusted areas yield an improved areal estimate useful for studies requiring rice land area as a nonspatial input. The 95% confidence intervals for each class are also shown in Fig. 5 highlighting uncertainty in the mapped areas.
C. Land Cover and Land Use
We visually compared the six different datasets with fineresolution Google Earth imagery. We highlight one location representative of the pattern throughout the study area (see Fig. 6 ). While all datasets capture the general rice spatial patterns well, there are some errors and variation. Specifically, the VH10m and VVVH-10m datasets are best able to reduce commission errors from small irrigation ditches and roads adjacent or within rice fields. All 20 m datasets do not effectively account for these areas regardless of polarization due to spatial resolution. While it is technically error, we highlight that this rice area commission error could be useful for certain applications seeking to map not only rice land cover, but also mapping rice land use. While these ditches and roads are not rice, they are designed to support rice field operations (threshing or drying of rice occurs in these areas) and access to fields (such as for machine-harvester equipment). However, while the 20 m datasets are including these adjacent roads or ditches in the rice category through commission errors, they have fewer false small rice areas (seen as small 5 or 6 pixel collections on the eastern sides of the imagery). One reason for this is attributed to inherent noise reduction through data processing involving multilook processing into 20 m resolution. Thus, there are tradeoffs to each resolution and polarization.
D. Pixel-Level Rice Variation
Analysis of pixel-level thematic variation between each dataset was conducted. For the 10 m datasets, we found the biggest difference between VV and VH where 48 372 ha of classified land area were different (6.29% difference) which is much higher than total rice area variation (214 565 ha VH10m vs 208 276ha VV10m). The main differences were attributed to double-rice pixels converted to nonrice pixels, nonrice converted to double rice, followed by nonrice into single rice. The smallest difference was between VH and VV&VH with 12 343 ha (1.60% difference). In descending order, the majority was attributed to nonrice to double rice, double rice to nonrice, and nonrice to single rice. The 20 m datasets change was very similar with VV and VH (46 613 ha with 6.01% difference), VV and VV&VH (39 848 ha with 5.18% difference), and VH and VV&VH (10 288 ha with 1.34% difference). In all cases, 20 m datasets had about 0.2% less difference than the 10 m datasets, with each following a similar pattern of variation.
E. Province-Level Rice Variation
We evaluated the province-level variation in mapped rice area between the different datasets through CV and z-scores for double and single rice (see Fig. 7 ). The CV results suggest relatively low and uniform variation in double rice across the provinces with highest variation in Bac Ninh (2.82%) and Hanoi (2.30%) followed by Ha Nam (2.02%), Vinh Phuc (1.92%), and Hung Yen (1.77%). For single rice, the variation was wide ranging depending on the province, with Vinh Phuc exhibiting the highest (11.57%) variation followed by Bac Ninh (8.90%), Hanoi (8.37%), Ha Nam (5.71%), and Hung Yen (4.17%). We attribute the highest variation in Vinh Phuc to small-holder agriculture and mosaicked landscape making classification difficult. The z-score results for double-rice suggested more insight into province-level variation. For VV20m Ha, Nam and Hung Yen had the highest positive z-scores whereas all other provinces had negative Z-scores, and that VV had the most variation in z-score across the provinces. This suggests the VV may be more sensitive to different environmental parameters such as water and moist soil underlying much of these areas. We note similar Z-scores for VVVH20m with the least variation across provinces in single and double crop rice. The same also goes for VH20m with all z-scores for each dataset as positive. Generally, the 20 m datasets tend to have more similar z-scores than the 10 m datasets.
F. Commune-Level Rice Variation
For the entire study area, the total mapped double rice area for each dataset is relatively similar ranging from: 208 276ha (VV10m) to 220 536ha (VVVH20m). However, results at the commune level (third-level administrative subdivision) suggest more variation. We note that while VV10m had the overall lowest double-rice mapped area, the trend is not spatially universal as VV10m had 27 communes with more rice than VH10m. For example, VH10m in Loung Tai had 249ha less rice than VV10m with a percent difference of 4.60%. However, the biggest percent difference between the two was in Ba Vi, where VV10m had 20% less rice than VH10m.
To better evaluate spatial variation at the commune level, we measured the AAD and CV. Across all communes for each dataset, we found rice area did not vary uniformly across space, based on the AAD and CV results (see Fig. 8 ). We found an average CV of 4.75% for each commune. The spatial pattern suggested that much of the variation proportionately occurred in the northern half of the study area (Vinh Phuc, northern Hanoi, and northern Bac Ninh provinces), whereas communes in Hung Yen and Ha Nam had variation between the datasets almost always less than 2.5%. We also note that the communes surrounding Hanoi City had relatively higher CV, but low AAD due to small amount of rice in these areas. We attribute the spatial clustering of variation to land cover and land use differences, and the difficulty of mapping in a small-holder mosaicked landscape. Accordingly, the northern areas dominated by more wetlands, hills, and especially smaller rice fields intermixed with smallholder nonrice crops are likely to have greater class confusion.
G. Rice Phenology
We estimated the length of growing season, start of season, and end of season for rice based on the SAR time-series and the unique dynamic range in SAR signal found for rice paddies (see Fig. 9 ). The results were aggregated to commune level for comparison. Across all communes, we found an average length of the first rice season to be 93 days, while the second season was approximately 104 days. We attribute the relatively lower range in season 1 due to most fields remaining flooded for several months from the previous season harvest and missing SAR data for ∼June 28th. In reality, the first season length is likely slightly underestimated. In addition, these are approximations dependent on the Sentinel-1 overpass dates (±11 days). The estimated average sowing date for the second season is Day of Year (DoY) 175 (23rd of June) and DoY 55 (24th of February) for the first season. For the harvest, we found an average DoY of 148 (27th of May) for season 1, whereas for season 2 we found estimated average harvest of DoY 279 (5th of October). These estimates are generally in line with our local knowledge and field experience. A more precise estimate of length of season, harvest, and sowing could be obtained by including both Sentinel-1A and Sentinel-1B, cutting the overpass time in half.
H. Rice Landscape Metrics
Fragstats analysis using the most accurate VVVH10m map produced a total of 31 934 large continuous tracts/patches of double-rice pixels with an average area of 6.72 ha (σ = 59.4 ha) and large standard deviation. Mean-shift image segmentation combined with fragstats analysis on the time-series stack masked for double-rice pixels, suggests 796 720 rice collectives (small patches of rice with similar SAR signal) with an average area of 2668 m 2 (σ = 7250 m 2 ). The average field size is reported to be 790 m 2 (σ = 625 m 2 ) [58] ; thus, an average of 3.4 individual rice fields make up a typical rice collective which follow a similar rice phenology pattern including harvest and flooding dates, due to similarity in image segmentation. Based on the aforementioned average field size and total double-rice area from the VVVH10m scenario, we estimate 2.69 million double-rice paddy fields within the HCR.
I. Input Band Importance
The feature importance of each input band for the paddy rice classification was assessed in the random forest classifier through mean decrease in accuracy (see Fig. 10 ). We found that the top 3 most important bands for VH(10 m and 20 m), and VV(20 m) were generally the same with bands 11, 12, and 13 (see Fig. 10 ). These three bands were from June and early July (see Table I ) suggesting that imagery from spring harvest and summer planting season are most important as removing one of these bands results in a mean decrease in accuracy of 3-6% depending on the dataset. In addition, these bands are important for discriminating between single and double crop rice. Other bands obtained during planting, growth, and harvest, however, are also important as removing any one of them still reduces overall accuracy significantly. For VV (10 m only), we found bands 7, 6, and 8 to be most important. These bands are from the main vegetative growth stage for winter rice (April). A relatively similar trend was observed in VVVH datasets. The average local incidence angle and standard deviation over rice areas suggests minimal variation in incidence angle (μ = 38.63
• , σ = 3.34
• ). Thus, it is not critical to account for the incidence angle variation effects on backscatter in the study area (see Table I ) due to minimal variation. In addition, the time-series signal of double rice versus single rice shows it is possible to differentiate between the two with only the first season of data. Double rice areas have relatively higher backscatter throughout the first rice season (see Fig. 1 ). 
V. DISCUSSION
Early rice mapping studies in Asia employing SAR have had varying degrees of success and accuracy. Some of the earliest studies using RADARSAT or ERS-1 found good agreement between their rice maps and existing validation data, with the latter study reporting overall accuracy of 87% for a small study area and coarse resolution imagery [5] , [8] , [11] . More recent studies employing C-band RADARSAT imagery have reported rice class accuracies as high as 98% and 90% using TerraSAR-X imagery [30] , [72] . Studies have also highlighted advantage of multidate versus single-date imagery for rice mapping [28] . However, in Vietnam the case is different. In the Mekong River Delta using multitemporal SAR including EN-VISAT and Sentinel-1, studies have found overall accuracy for land cover or rice maps ranging from 80-92% [20] , [21] , [23] , [31] , [33] , [35] [73] . In the Red River Delta, using multitemporal SAR such as RADARSAT-2 and ENVISAT, studies have found overall accuracy for rice maps ranging from 71-95% [29] , [41] , [74] , [75] ; and overall accuracy of 89% in Vietnam with TerraSAR-X [27] .
Our accuracy assessment found overall strong user's accuracies for most datasets and classes with double rice ranging from 92.1-96.9% and single rice (95.2-100%), whereas, producer's accuracies were generally lower (77.8-83 .5% double rice, and 35.0-59.0% single rice) with overall accuracies between 90.9-93.5%.
Our study findings are important in that the different spatial resolution or polarization combinations have significant impacts on mapped rice area. While these differences may not be high at the study area scale, the difference between the datasets is high at the commune and pixel level with CV averaging about 10% at the commune scale. The most variation was found in communes in the northern half of the study area in Northern Hanoi, Vinh Phuc, and Bac Ninh where small-holder farms in mosaicked landscapes are dominant, making mapping difficult [2] , [74] . These spatial differences are important for different rice mapping applications where spatial location is critical, such as rice straw burning emissions and air quality assessments. We highlight the importance of selecting the most accurate map which in this case is VVVH10m. We also demonstrate though comparison at different spatial scales that 10 m data have more variation in rice area compared to 20 m data. We find that 20 m data may prove effective for land use mapping due to inclusion of a variety of classes such as irrigation canals, and adjacent dirt farm roads, whereas 10 m may be best for specific thematic (rice in our case) mapping. Our study also found that VH polarization were more accurate than VV polarizations for rice mapping. This has been attributed to VV more influenced by standing water in fields and the signal attenuated by vertical structure of rice [21] , [35] , whereas VH is less affected and more representative of the actual rice growth and plant canopy structure [33] . We also found our map had slightly more rice area than the official government data, and other rice mapping studies have found good agreement between maps and government data in Vietnam [60] , [74] .
Using a simple method to replicate metrics on rice phenology, we demonstrate the utility of our phenology estimates for regional and global rice monitoring systems such as Asia-RiCE or GEOGLAM. Additional applications could improve upon existing SAR and MODIS disaster management strategies with improved phenology metrics [76] . This is also demonstrated through random forest feature importance metrics that reducing some input data (i.e., near harvest) can yield slightly less accurate maps as they may not capture the wide backscatter range useful to distinguish paddy rice from other land cover classes. However, these maps are still useful for operational monitoring applications.
Combining our most accurate rice map with image segmentation, Fragstats landscape analysis and field data, we estimated the total number of paddy rice fields in the study area (2.69 million). In addition, we found the average size of continuous rice area patches, as well as the estimate of the average size of a rice collective (2668 m 2 , or 3.4 rice fields). As mentioned, the rice collectives are continuous rice areas undergoing similar rice phenology (i.e., managed in-sync).
While other classification methods could have been used, we chose random forest as it is robust, widely applied, generally has similar results in agricultural applications [43] , is less of a black box, and computes faster than other algorithms such as support vector machines or artificial neural networks [77] . Ensemblemean classifiers such as random forest also outperform standard approaches such as single decision tree or maximum-likelihood classifier [42] . Random forest classifier is also used for reducing feature inputs to reduce data dimensionality, processing time, and redundancy [78] , [79] , whereas for this study, we maintained all inputs as we already needed the full time-series of SAR for growing season estimates.
Our study was limited due to several factors. The availability of Sentinel-1A, but not 1B, limits data input to approximately 12 day time intervals. At this temporal frequency, it can be difficult to fully capture distinct crop periods of initial inundation or harvest due to very active field management. Increased availability of Sentinel-1B, however, will enhance phenology monitoring. The rice phenology estimates are limited by the same satellite overpass dates. In general, our length of season estimates for season 1 seemed slightly lower than our local knowledge of about 100-115 days due to missing SAR data on June 28th (as some areas harvest around this time). However, it still highlights the utility of SAR for monitoring the length of season without the need to employ a complex algorithm or filtering.
We attribute relatively low single-rice producer's accuracy to the limited availability of training and validation data. This land cover class occupies less than 1% of the landscape and we could only obtain 41 polygons for validation. As such, when we adjusted the producer's accuracy to get unbiased areal estimates, the accuracy decreased significantly. For example, VH10m unadjusted producer's accuracy for single rice is 97.0% with only 5 pixels out of 166 confused with other classes. However, after calculating the accuracy using unbiased areal estimates, the accuracy decreases to 59%, whereas for double rice, the changes are less dramatic (i.e., just a few percentage points) due to appropriate sample size.
With further analysis, the results could be useful for land cover versus land use mapping. In addition, based on the SAR signal, it is possible to map single rice and double rice areas with only the first season of data. Results could be useful for aquaculture applications and land use planning. It may also be beneficial to integrate moderate resolution Sentinel-1 SAR imagery with high-resolution UAV-obtained imagery for relating to monitoring and improving crop growth parameter estimation [80] .
VI. CONCLUSION
Using a random forest classifier, we compared single and double crop paddy rice mapping using six different datasets based on varied polarizations (VV, VH, and both) as well as different spatial resolutions (10 m and 20 m). Local incidence angles for the complete SAR time-series dataset suggest that imagery can be obtained for the whole year with negligible variation reducing the need to account for angular influence on backscatter. The time-series Sentinel-1 SAR imagery was able to estimate start of season, end of season, and length of season for each rice crop at the commune level with promising results. Rice mapping estimates for the six datasets suggested the most accurate dataset to be VVVH10m (93.5% OA), whereas 20 m datasets generally had lower overall, user's and producer's accuracies compared to the 10 m datasets. Thematic change between the datasets suggested the least spatial variation in classes to be between VH and VVVH (10 and 20 m). The most common difference was between double crop rice and nonrice areas. About 20 m datasets overestimated rice land area more compared with 10 m datasets, as pixels were too large to capture small roads and ditches within paddy fields. The 20 m datasets, however, could be well representative of not only rice land cover, but especially rice land use. Province-level variation in mapped rice areas suggested the most occurring with VV20m, and also more variation in single rice than double rice based on the coefficient of variation. Moderately high spatial variation was found at the commune level with the maximum variation in rice area as 20% with VV10m and VH10m. This spatial variation could be critical for spatially explicit land cover mapping applications. AAD and CV results suggest communes in the northern portion of the study area and those immediately surrounding Hanoi City have the most proportional variation. This is important as these areas are subject to peri-urban expansion and important for air quality studies as areas closest to the city could have the highest impact on urban air quality.
Overall our study compared six different datasets (VV10m, VV20m, VH10m, VH20m, VVVH10m, and VVVH20m) for mapping paddy rice, evaluated importance of input bands from different dates for classification, estimated rice phenology, and calculated rice landscape metrics. The results from our study provide useful insights for crop mapping/monitoring efforts using SAR datasets in general and particularly within the Red River Delta of Vietnam.
